Abstract. Computer-aided diagnostic systems based on electrocardiogram (ECG) analysis will support clinicians' tedious work or can be used to quickly detect critical events. At present, ECG signal analysis is receiving more and more attention in emerging fields such as clinical application on arrhythmia detection and heart rate variability analysis. This study will explore the application of ECG signal pattern recognition based on the characteristic matching scheme approach. The method proposed in this study is implemented in the front-end (mobile APP) as part of the auxiliary diagnostic service. The frequency of anomaly and it's time point and duration recorded in the APP will help the doctors to identify the reason and conditions of the patients.
Introduction
Electrocardiogram (ECG) is the most commonly used vital sign. It is widely used in human health condition monitoring because of its ability to provide intuitive sense for quick interpretation. Using the analysis of ECG signals will provide many professional insights into heart disease [1] . A common application item about it is the classification and analysis of rhythm or heart rate [2] [3] . A typical wave of a normal electrocardiogram is generated by electrical phenomena in different parts of the heart and is presented as a periodic PQRST synthetic wave. By collecting and observing these ECG waveforms, it can be used for diagnosis of some special heart diseases. In some cases, abnormal heartbeat events may occur in patterns that occur frequently or infrequently, so some heart rhythm disorders may take longer time to observe [4] [5] . Arrhythmia is defined as a general condition caused by problems in the heart's conduction system. Since general ECG examinations for arrhythmia are limited, therefore, a 24-hour electrocardiogram (Holter type electrocardiogram monitor) is also used in clinical examinations to compensate for the lack of traditional electrocardiogram. Although it can record long-term ECG signals, it will cause considerable inconvenience to the wearer in the same time [6] [7] . Therefore, how to collect and discriminate the user's ECG data in a more effective and convenient way will be a very important issue in the future ubiquitous medical care. In particular, if the most common used mobile devices can be used as the medium for data collection and processing, it will bring health benefits to the users with minimal burden [8] .
System Description
In this study, a single-lead business card type heart rate monitor was used to transmit the user's ECG signal to the Android mobile phone via Bluetooth, and then display and analyze the ECG signal on the mobile phone. The system architecture is shown in Figure 1 . Since it is considered that the burden on the mobile phone hardware and software resources may not be sufficient to process the long-term ECG signal data in an instant. The APP first use the Bluetooth application function to initialize the parameters related to Bluetooth transmission. Then it looks for any nearby devices on the mobile phone. If there is an ECG signal measurement device exists nearby, then it starts the pairing process. If the pairing is successful, the next menu page is entered; otherwise, the device is not found and the program is terminated. The following steps will be used in the system analysis module to classify the signal data: (1) ECG pre-processing: uses a notch filter that removes power interference, a low pass filter to eliminate high-frequency noise caused by muscle activity, and a high pass filter to remove low frequency drift which is primarily due to baseline oscillations (breathing, etc.).
(2) QRS detection: performs with the identification of the RR interval synchronously, which is the most important stage in ECG heartbeat recognition and HRV analysis. The Pan and Tompkins algorithms and their improvements are used in this study. The hidden Markov model is used to perform the heartbeat segmentation. (5) Selection of classifiers: the characteristic matching scheme is used in this study. The data stored in the buffer window with its features are compared with the arrhythmia patterns.
(6) Classifier optimization and verification: The n-out-of-m method is used for verification and performance evaluation.
(7) Program code optimization. The operation flowchart of the system is depicted in Figure 2 . The ECG signal will not be retrieved until the user press the "start measure" button. The signals are stored into the 15 seconds window buffer. The pattern matching procedure proceeds by extracting the features from the filtered signal data and comparing the time interval and amplitude difference. To alert the message to the user in a steady manner, repeated signal retrieving and comparison are made. The recommendation of the nearby hospital is presented in next screen once the alarm is issued.
On the other hand, nine patterns of arrhythmia are identified in this study (see in Table 1 ). The intervals of different waveforms are measured and interpreted. Therefore, the integrity and simplicity of the signal are relatively important in the analysis process. The signal processing performed in the previous stage will have significant influence to the subsequent classification result. Table 1 . The arrhythmia pattern to be detected in this study.
Category type
Feature P wave anomaly (1) > 120ms (2) > 0.25mv QRS wave anomaly > 120ms Sinus Tachycardia RR < 600ms, HR > 100/min Sinus Bradycardia RR > 1000ms, HR < 60/min Atrial fibrillation without P wave, QRS wave shifting Premature Ventricular Contraction QRS > 120ms, QRS inverted with T wave Ventricular Premature Complexes QRS > 120ms, no P wave, HR  100/min Ventricular Tachycardia QRS > 120ms, no P wave, HR > 100/min Left Bundle Branch Block QRS > 120ms, Q wave disappears 
Experiment Evaluation
In the process of model establishment, in addition to providing a total of 500 sets of normal and abnormal ECG waveforms, 20 samples for each feature style to use with matching interpretation criteria were provided for learning by the models, and then 10-fold cross validation was conducted to verify the effectiveness of the system. After the model is generated and verified, 91.6% of accurate recognition rate of the model was obtained. The code are then implemented on the Android mobile phone as a platform for mobile monitoring. The screens during the execution period of the APP are shown from Figure 3 to Figure 6 . The execution overhead is also evaluated by examining the memory and CPU load during the executing period. Different arrhythmia patterns are fed into the APP to test if the load changes significantly. After repeated 100 runs the results show that the memory usage is 10% increase in average, and the CPU load reveals significant increase during the pattern matching stage. All applications execute in normal way with no lags even 8 other APPs are activated. 
Conclusion
This study implemented a pattern classification application for mobile ECG analysis on the mobile phone side. The experiment results show that it's the feasible way to carry out arrhythmia detection software under current smart phone hardware configuration. The future works include research on the mobile recognition of ECG signals by deep learning and discovery the relations between ECG signals and other biomedical parameters.
